This study aims to elaborate on the mineral potential maps using various models and verify the accuracy for the epithermal gold (Au) -silver (Ag) deposits in a Geographic Information System (GIS) environment assuming that all deposits shared a common genesis. The maps of potential Au and Ag deposits were produced by geological data in Taebaeksan mineralized area, Korea. The methodological framework consists of three main steps: 1) identification of spatial relationships 2) quantification of such relationships and 3) combination of multiple quantified relationships. A spatial database containing 46 Au-Ag deposits was constructed using GIS. The spatial association between training deposits and 26 related factors were identified and quantified by probabilistic and statistical modelling. The mineral potential maps were generated by integrating all factors using the overlay method and recombined afterwards using the likelihood ratio model. They were verified by comparison with test mineral deposit locations. The verification revealed that the combined mineral potential map had the greatest accuracy (83.97%), whereas it was 72.24%, 65.85%, 72.23% and 71.02% for the likelihood ratio, weight of evidence, logistic regression and artificial neural network models, respectively. The mineral potential map can provide useful information for the mineral resource development. 
Introduction
Many probabilistic, statistical and data mining models have been proposed for mineral potential mapping. They include logistic regression [6, 7, 13, 15, 37] , frequency ratio [27, 29, 38] , weights of evidence [3, 8, 35, 39] , Dempster-Shafer [27, 34] , support vector machine [36, 44] , Bayesian network [12] .
tion, GIS was used to combine and analyze a variety of geoscientific data, including geological, geochemical and geophysical maps. The GIS is the best tool for analyzing all kinds of geospatial data in mineral exploration and delivering the means to organize the mineral exploration process. The objective of this study is to combine Au-Ag potential maps using likelihood ratio, weight of evidence, logistic regression and artificial neural network models and verify and compare the combined mineral potential map with each mineral potential map in the Taebaeksan mineralized area of Korea ( Figure 1 ). This region has many mineral deposits and geological, geochemical and geophysical survey data available and high mineral potential, which is referred to Oh and Lee [29] . The preparation of mineral potential maps using GIS (ArcGIS 10) was accomplished in five major steps ( Figure 2 ). (1) Compilation of a spatial database. A total of 46 Au-Ag mineral deposits were used to create a spatial database using GIS. Geological, geochemical and geophysical maps were similarly treated. (2) Processing the data from the database. Using the GIS overlay method, the mineral deposits and the factors were combined and their relationships were determined quantitatively using likelihood ratio, weight of evidence, logistic regression and artificial neural network models. (3) Application of an each model to generate a mineral potential map. (4) Combination of the mineral potential maps using likelihood ratio. (5) Verification and comparison of each mineral potential map and combined mineral potential map using test mineral deposits that were not used directly in the analysis. The data-processing step involves numerous operations to extract and enhance predictive criteria from each of the initial data layers. Combination modeling refers to the methods used for combining predictive-data layers into a mineral potential map. The map does not estimate the number and size of mineral deposits, but indicates, on a broad scale, areas considered to be prospective for exploration.
Geological setting of the Taebaeksan basin
The Taebaeksan basin (TB) lies in the central east part of the Korean Peninsula and includes the Taebaeksan mineralized area, located within latitudes 37°15´24´´-37°30´00´´N and longitudes 128°30´30´´-129°02´40´É
( Figure 1 ). The study area occupies approximately 1,050 km 2 . The Korean peninsula is located on the northeastern margin of the Eurasian plate. The major tectonostratigraphic units of South Korea include the Gyeonggi Massif (GM), the Ogcheon Fold Belt (OFB), the Yeongnam Massif (YM), and the Gyeongsang Basin (GB) (Figure 1 ). The TB occupies the northeastern part of the Korean peninsula and is composed primarily of the Cambrian-Ordovicianaged Joseon Supergroup and Carboniferous-Triassic-aged Pyeongan Supergroup. The Joseon Supergroup rests unconformably on the Precambrian-aged granitic gneiss and metasedimentary rocks of the YM and is overlain unconformably by the Pyeongan Supergroup [9] . The lower Paleozoic sediments are primarily shallow marine in origin and consist predominantly of carbonates with lesser amounts of sandstone and shale, whereas the Pyeongan Supergroup is comprised of thick clastic successions of marginal marine to nonmarine environments containing economically important coal measures [10, 12] . The Late Carboniferous to Triassic sedimentary rocks of the Pyeongan Supergroup are well exposed in the TB. These deposits consist predominantly of shale and sandstone with small amounts of limestone, conglomerate and coal. Throughout much of the TB, they rest unconformably on the Joseon Supergroup, except in the Jeongseon area. The Pyeongan sedimentation initiated in a marginal marine environment in the Late Carboniferous with a brief interruption in deposition, presumably in the latest Carboniferous to earliest Permian, followed by the deposition of a thick non-marine sandstone-shale succession in the Permian [10, 12] . 
Mineralization of study area
The Taebaeksan mineralized area is the most important deposit in South Korea and is located in TB. The study area has a long history of metal production from veins and skarns in sediments near granitoid intrusions [30] . The mineralized area is rich in Pb-Zn-W-Fe-Cu-Mo-AuAg mineral resources with a diversity of deposit styles. These deposits principally coexist in time and space with porphyry-related epigenetic deposit types such as skarns, hydrothermal replacement, mesothermal veins, and Carlinelike deposits. In the study area, the gold-silver deposits are of an epithermal type related to granites. The main opaque minerals include electrum, pyrite, arsenopyrite, stibnite, and sphalerite. Some polished and microprobe sections of samples from structures cutting through Cambrian oolitic limestone show zones of gold and arsenic enrichment along the perimeters of pyrite grains [30] . The occurrence of gold deposits that are stratigraphically localized in crystalline limestone and altered argillaceous sediments is indicative of disseminated gold. The arsenic anomaly has been shown to be related to metalliferous ore deposits (mainly Ag-Au), which are closely associated with the Sb anomaly. Some elements in the altered limestones in the study such as Au, Ag, As, Sb, Cu, Pb, Zn, and Mo are closely associated together [43] . The bedrock consists of Precambrian metamorphic and metasedimentary rocks (the units Jugr and PCEt as shown in Figure 3 ), Paleozoic and Mesozoic sedimentary rocks (the units CEj, CEm, CEp, CEw, Od, Odu, Omg, Oj, Ch, Ps, TRg, TRn, TRn1, TRn2, TRn3, Jbc and Jbs), Mesozoic volcanic rocks (the unit Jgr) and plutons (the unit Jigr), and minor occurrences of Quaternary sediments (the units Qd and Qr) [16] . Geologic structures in the eastern part of the TB suggest that the sequence underwent four deformational stages [18, 19] . A D1 deformation event of unknown age generated NE-striking ductile shear zones with a reverse sense of slip between the Precambrian massif and early Paleozoic sequences [17] [18] [19] . During the D2 deformation (the Songrim orogeny), NE-trending folds and thrusts were generated with mostly SE vergence. D3 deformation (the Daebo event) then produced NE-trending folds and thrusts with a SE vergence. During the late Cretaceous to early Tertiary Bulgugsa event, the entire sequence underwent D4 deformation that caused E-W trending folds and faults [18] . Gold and silver bearing hydrothermal vein deposits in the study area occur in various host lithologies, consist of multiple generations of quartz and/or carbonates with base metal sulfides, and have NNW, NS or NNE strikes, which seem to be related to NE strike-slip faults [21, 23] . , and the geophysical data on the magnetic anomalies [11, 24] . All of these factors were compiled in the GIS database. The geological data were derived from a 1:50,000 geological map (Figure 3 ). The lithology and distance from fracture were registered. The geochemical data were acquired through a stream water and sediment geochemical survey. The geochemical maps were made from interpolation of values of geochemical elements. The geophysical data were acquired through airborne magnetic [22] . Then the data were interpolated to make the geophysical map. All factors were converted to raster form. In this study we use 30 m × 30 m considering input data map scale (1:50,000). The numbers of rows and columns are 986 and 1,183, and the total number of cells in the study area is 1,166,438. Total number of Au-Ag mineral deposits is 46 including 30 training and 16 verification deposits, which were randomly selected. In GIS, when converting vector to raster, if there are more than two attributes, the attribute which occupies the largest area is selected as the representative cell. The remaining attributes are ignored. Therefore, the selection of cell size is important. Because the cell size is too big, many attributes can be ignored and the cell size is too small, the file size is too big and computing time is too long. So, based on the input data scale, the adequate cell size was selected for the minimum loss of data and computing efficiency. Usually, in the 1:250,000 scale the 100 m cell size is used and in the 1:50,000 scale the 30 m cell size is used.
Spatial database

Model
Likelihood ratio
The strength of the spatial relationship between deposit occurrence and its related factor is expressed in terms of the likelihood ratio in the study. Likelihood ratio is the ratio of probability of a deposit occurrence (D) to its non-occurrence for the class i of factor B. The likelihood ratios [2] , which are sufficiency ratio (LS) and necessity ratio (LN), are required by the following Equations (1) and (2):
So, the ratio is higher than 1, the higher relationship between deposit occurrence and the certain factors' class and the ratio is lower than 1, the lower relationship between deposit occurrence and the certain factors' class. The likelihood ratio value was set to the range of each factor values, which are reclassified into 10 classes by equal area. The likelihood ratios for each factors' range or class (Table 1) were summed to calculate MPIL (Mineral Potential Index), as shown in Equation (3) and Figure 4 :
where LS = likelihood ratio (e.g., sufficiency ratio) for each factors' range or class.
Weight of evidence
Weight of evidence modelling formulated for mineral potential assessment was first described by Bonham-Carter and others [3] . The weights of evidence analysis result in a set of statistically derived values reflecting the spatial association between deposit occurrence and a binary pattern of a factor. To generate the binary patterns for the occurrence-related factors, they were classified into binary maps as calculating W + and W − from Equations (4) and (5), and showing favorable and unfavorable areas. . The Studentized C, calculated as the ratio of C to its standard deviation, C/s(C), serves as a guide to the statistical significance of the spatial association, and becomes useful in determining cutoff value to convert multiclass data into binary maps. The standard deviation of C is calculated as:
In this study the cutoff value was chosen based on the maximum Stucentized C. The binary maps were assigned weights (Table 1) , and combined according to Equation (7) . The mineral potential map using MPIW was shown in Figure 5 .
where W = W + and W − of the binary map for each factor. 
Logistic regression
Logistic regression is a multivariate analysis method. This is used to form a multivariate regression relation between independent variables (e.g., occurrence-related factors) and a dependent variable (e.g., a deposit occurrence). The advantage of logistic regression is that, through the addition of an appropriate link function to a usual linear regression model, the variables may be either continuous or discrete, or any combination of both types [26] . For this study, the dependent variable must be input as either 0 or 1 representing presence or absence of the deposit occurrence, so the method applies well to mineral potential analysis [1] . Logistic regression coefficients can be used to estimate odds ratios for each of independent variables in the model. The relationship between the deposit occurrence and its dependency on several variables can be expressed as:
where p is the probability of the deposit occurrence and z is parameter. The probability varies from 0 to 1 on an S-shaped curve and z is the linear combination. It follows that logistic regression involves fitting an equation of the following form to the data:
where 0 is the y-axis intercept, ( = 0 1 2 · · · ) are the slope coefficients of the logistic regression model and ( = 0 1 2 · · · ) are the independent variables. The logistic regression coefficient values are listed in Table 1 . The mineral potential map was made using MPI LO (Equations (8) and (9)), shown in Figure 6 . 
Artificial neural network
The purpose of an artificial neural network is to build a model of the data-generating process so that the network can generalize and predict outputs from inputs [28] . Mineral potential was analyzed using an artificial neural network program that was partially modified and upgraded from the original version developed by Tsoukalas et al. [46] in the MATLAB package. For analysis of mineral potential, training sites were set to the locations of known deposit occurrence and non-occurrence. From each of the two classes, 30 grid cells per class were selected as training cells. The result of the likelihood ratio model was used to select training areas for supervised classification. Within the lower 10% of the mineral potential index values that were calculated by likelihood ratio model, 30 cells were selected randomly and the cells used as zero mineral potential areas. In addition, 30 cells of the known deposit used as areas susceptible to mineral potential. A three-layered feed forward network was implemented in MATLAB using the artificial neural network program. In this study, the 26 (input) × 52 (hidden) × 2 (output) structure was selected for the networks with input data normalized to the range 0.0 to 1.0. The learning rate parameter was set to 0.01 and the momentum parameter was set to 0.01. The selected deposit-prone training sites were assigned to values of (0.1, 0.9) and the non-deposit-prone training sites were assigned (0.9, 0.1). To lessen the error between the predicted output values and the actually calculated output values, the back propagation algorithm was used. The algorithm propagates the weights backwards and then controls the weights. The mineral potential index value was acquired by calculating the weights determined from back propaga- 
Combining of mineral potential maps using likelihood ratio model
The mineral potential maps from likelihood ratio, weight of evidence, logistic regression and artificial neural network models were combined to make combined mineral potential map. For this, first, the mineral potential maps from each model were compared with mineral deposit using the likelihood ratio. The spatial relationship between mineral potential maps and mineral deposits is presented in Table 2 . The ratio of each potential maps' class area for the total area was calculated and the likelihood ratios were ultimately obtained by dividing the mineral depositoccurrence ratio by the ratio of each class. The likelihood ratio value was set to the range of each mineral potential map values, which are reclassified into 10 classes to the equal area. The likelihood ratios for each class of mineral potential maps (Table 2) were summed to calculate C MPI L (Combined Mineral Potential Index), as shown in Equation (10):
where MPI = likelihood ratio for each class of four mineral potential maps (e.g., MPI L , MPI W , MPI LO , and MPI ANN ). The combined mineral potential map that was made using Equation ( 
Verification
The verification can ascertain the quality of mineral potential maps which created using the frequency ratio, weight of evidence, logistic regression and artificial neural network models. The verification method was performed by comparison of verification-mineral deposit data and mineral potential analysis results. For this, the success rate curves were drawn and the areas under the curve were determined in each case. The success rate shows how well the model and factors predict the mineral deposit occurrence; thus, the area under the curve qualitatively assesses the prediction accuracy. To obtain the relative ranking for each prediction pattern, the calculated values of all the cells in mineral potential map were sorted in the descending order. The ordered cell values were then divided into 100 classes with accumulated 1% intervals. As a result, the 90-100% class (10%) in which the mineral potential index had a high rank could explain 25%, 33%, 33% and 31% of all the mineral deposit occurrences using the likelihood ratio, weight of evidence, logistic regression and artificial neural networks models ( Figure 9 ).
To compare the result quantitatively, the areas under the curve (AUC) were re-calculated as if the total area were one, which indicates perfect prediction accuracy [25] . The area beneath a curve can therefore be used to assess the prediction accuracy qualitatively. The area under the curve is shown in Figure 9 . The area ratios were 0.7224, 0.6585, 0.7223 and 0.7102 and we could say the prediction accuracies are 72.24%, 65.85%, 72.23% and 71.02%, respectively. The combined mineral potential maps have verified using the same method. As a result, the 90-100% class (10%) and 80-100% class (20%) in whom the mineral potential index had a high rank could explain 50% and 56% of all the mineral deposit occurrences, respectively. The area ratio was 0.8397 and we could say the prediction accuracy is 83.97%.
Discussion and conclusion
A Geographic Information System (GIS) in concert with statistical software was used to compile, manipulate, analyze and visualize a large geology, geochemical and geophysical dataset collected from the Taebaeksan mineralized area of Eastern Korea. The likelihood ratio, weight of evidence, logistic regression and artificial neural network models proved useful techniques for combining the geology, geochemical and geophysical maps produced in this study. Moreover, the combination of the models has applied to get the better accuracy than each model. To compare the result quantitatively, we determined that the prediction accuracy. In the likelihood ratio model used, prediction accuracy was 72.24%. In the weight of evidence model, prediction accuracy was 65.85%, in the logistic regression model, prediction accuracy was 72.23% and in the artificial neural networks model, prediction accuracy was 71.02%. But the prediction accuracy for the combined mineral potential map was 83.97%. Overall, the combined mineral potential map gave higher accuracy than the each mineral potential map. We conclude that the combined models gave high prediction accuracy based on the mineral potential mapping in the study area. The models are useful, not only for comparing the concentration of geochemical elements with the location of Au-Ag prospects, but also for providing a quantitative measure of the association between the concentration of geochemical elements and Au-Ag prospects. Furthermore, the maps generated by the models not only predict known areas of Au-Ag occurrence but also identify areas of potential mineralization where no known deposit occurs. A number of areas within the study area have been identified as having high Au-Ag potential. Many of these areas coincide with areas of known deposits. Others, however, are enigmatic and await follow-up exploration. 
